In this study, the multi-objective optimization of an indirect forced-circulation solar water heating (SWH) system was performed to obtain the optimal configuration that minimized the life cycle cost (LCC) and maximized the life cycle net energy saving (LCES). An elitist non-dominated sorting genetic algorithm (NSGA-II) was employed to obtain the Pareto optimal solutions of the multi-objective optimization. To incorporate the characteristics of practical SWH systems, operation-related decision variables as well as capacity-related decision variables were included. The proposed method was used to conduct a case study wherein the optimal configuration of the SWH system of an office building was determined. The case study results showed that the energy cost decreases linearly and the equipment cost increases more significantly as the LCES increases. However, the results also showed that it is difficult to identify the best solution among the Pareto optimal solutions using only the correlation between the corresponding objective function values. Furthermore, regression analysis showed that the energy and economic performances of the Pareto optimal solutions are significantly influenced by the ratio of the storage tank volume to the collector area (RVA). Therefore, it is necessary to simultaneously consider the trade-off and the effect of the RVA on the Pareto optimal solutions while selecting the best solution from among the optimal solutions.
Introduction
Over the past several decades, a number of design methods have been developed for solar water heating (SWH) systems, ranging from correlation-based methods such as the φ method [1] , φ method [2] , f -chart method [3] , and φ, f -chart method [4] to simulation-based methods such as transient system simulation (TRNSYS) [5] and pre-design and optimization tool for solar heating systems with seasonal storage (SOLCHIP) [6] . In recent years, some design methods using optimization techniques such as linear and nonlinear optimization and evolutionary algorithms have been proposed. These optimization-based methods are conceptually different from traditional correlation-and simulation-based methods in terms of the process of finding the optimal design. Most of them are based on certain characteristics and behavior of biological and molecular systems, swarms of insects, or neurobiological systems [7] . For instance, to optimize the design variables of an SWH system, linear and nonlinear optimization methods [8, 9] , genetic algorithms (GAs) [7, [10] [11] [12] [13] [14] [15] , and particle swarm optimization (PSO) [16, 17] have been applied. Furthermore, hybrid optimization techniques such as the combination of PSO with the Hooke-Jeeves method [18] and the combination of a GA with the binary search method [19] have also been utilized in recent years.
A majority of these studies have determined the optimal size of SWH systems by choosing various design criteria as the objective functions, including the annual system efficiency [8] , annual solar fraction [20, 21] , life cycle savings [12, 22] , life cycle cost (LCC) [14, 15, 23, 24] , annualized LCC [25, 26] , and payback period [9, 10, 13] . For instance, Krause et al. [11] proposed a method to minimize the solar heat cost of an existing large solar thermal system. Loomans et al. [10] applied a GA to minimize the payback time of large solar hot water systems. Kalogirou [12] employed a GA to estimate the optimum collector area and tank volume for maximizing life cycle savings. Kim et al. [13] also optimized SWH systems through the minimization of the capital payback period. Hobbi et al. [21] studied the optimal design of a forced-circulation SWH system by maximizing the annual efficiency and solar fraction. Kulkarni et al. [25] proposed the "design space methodology" to design an SWH system by minimizing the annualized LCC. Ko [15] employed a GA to optimize the capacity and operation-related design variables of an indirect forced-circulation SWH system for minimizing the LCC.
In previous studies, SWH systems have been designed by optimizing one particular objective function. Consequently, the optimal design of a system will differ depending on the objective functions that the researchers and engineers consider as the key design criteria. In addition, most real-world search and optimization problems naturally involve multiple objectives [27] , and so do the design problems of SWH systems. Therefore, single-objective optimization frequently leads to unacceptable solutions with respect to the other objectives when the objectives under consideration produce trade-offs with each other and the rest of the objectives are also important. For many complicated problems, multi-objective approaches are more accurate and real because they allow decision makers to think about the trade-offs between different benefits of different objectives [28] . In recent years, therefore, multi-objective optimization has been widely used to design solar thermal-driven systems such as solar-driven heat engine systems [29, 30] , solar-driven heat pumps [31] , solar-driven absorption cooling systems [32, 33] , and solar-driven hybrid cooling, heating, and power systems [34] [35] [36] . However, only a few studies have considered the multi-objective optimization of a forced-circulation SWH system. Therefore, in this study, the multi-objective optimization of an indirect forced-circulation SWH system is carried out to determine the optimal configuration based on energy and economic aspects. The collector size, storage tank, heat exchanger, auxiliary heater, collector slope, and mass flow rates on the hot and cold sides of a heat exchanger are selected as the decision variables. An elitist non-dominated sorting genetic algorithm (NSGA-II) is used to obtain the Pareto optimal solutions by minimizing the LCC and maximizing the life cycle net energy saving (LCES) of an SWH system. As a case study, the proposed multi-objective optimization method is applied to determine the optimal configuration of the SWH system of an office building. This study evaluates the trade-off between the non-dominated solutions obtained from the case study through the regression technique. The effect of the ratio of the storage tank volume to the collector area (RVA) on the energy and economic performance of the non-dominated solutions is also assessed. Figure 1 shows the schematic diagram of an indirect forced-circulation SWH system. The SWH system mainly consists of flat-plate solar collectors, an external heat exchanger, a storage tank, auxiliary heaters, circulation pumps, and a differential temperature controller (DTC). This SWH system has two circulation circuits: a primary circuit that collects the solar energy and transfers it to the storage tank via the external heat exchanger and a secondary circuit that transfers the heat stored in the storage tank to the load. The two circulation pumps in the primary circuit are controlled using the DTC. The auxiliary heaters are added to match the energy requirement of the hot water load when the storage tank temperature does not reach the desired temperature. 
Mathematical Models of SWH System

Flat-Plate Solar Collector
Solar collectors absorb solar radiation and convert it into thermal energy. According to the isotropic diffuse model, the solar radiation on a tilted collector surface can be evaluated from the following equation [37] :
where is the hourly total solar radiation on the tilted collector array (W/m 2 ); , , and are the hourly beam, diffuse, and global radiation on a horizontal surface, respectively (W/m 2 ); is the ratio of the beam radiation on the tilted surface to that on a horizontal surface; is the ground reflectance; and is the slope of the collector array (°). Over the operation period, the useful heat gain of identical solar collectors connected in series is given by the following equation:
, (2) where is the gross area of a single collector module (m 2 ); , is the number of identical collectors connected in series; and are the intercept and slope of the efficiency curve of identical collector modules connected in series, respectively; is the hot stream outlet temperature of the heat exchanger (°C); is the outdoor dry-bulb temperature (°C); and is the output control function of the DTC.
For identical collector modules connected in series, the intercept and slope of the efficiency curve can be estimated by the following equations [37] :
where and are the intercept and slope of the efficiency curve of a single collector, respectively;
, is the mass flow rate per unit area of the collector fluid (kg/s•m 2 ); and , is the specific heat of the collector fluid (J/kg•°C). 
where I T is the hourly total solar radiation on the tilted collector array (W/m 2 ); I b , I d , and I are the hourly beam, diffuse, and global radiation on a horizontal surface, respectively (W/m 2 ); R b is the ratio of the beam radiation on the tilted surface to that on a horizontal surface; ρ g is the ground reflectance; and β coll is the slope of the collector array (˝). Over the operation period, the useful heat gain of identical solar collectors connected in series is given by the following equation:
where A coll is the gross area of a single collector module (m 2 ); N coll,s is the number of identical collectors connected in series; F R pταq and F R U L are the intercept and slope of the efficiency curve of identical collector modules connected in series, respectively; T ho is the hot stream outlet temperature of the heat exchanger (˝C); T a is the outdoor dry-bulb temperature (˝C); and γ o is the output control function of the DTC. For identical collector modules connected in series, the intercept and slope of the efficiency curve can be estimated by the following equations [37] :
where F R1 pταq 1 and F R1 U L1 are the intercept and slope of the efficiency curve of a single collector, respectively; m coll,u is the mass flow rate per unit area of the collector fluid (kg/s¨m 2 ); and C p,c is the specific heat of the collector fluid (J/kg¨˝C). 
Heat Exchanger
The external heat exchanger is used to keep the fluid of the SWH system separate while allowing solar heat to transfer from the collector fluid (i.e., antifreeze fluid) in the primary circuit to the water in the secondary circuit. In the proposed method, the counter-flow-type heat exchanger is used and its number is fixed as one. The effectiveness-number of exchanger heat transfer units(NTU) method is used to calculate the solar energy transferred from the collector array to the storage tank via the external heat exchanger. This method uses three dimensionless parameters: heat exchanger effectiveness (ε), NTU, and capacity rate ratio (c r ). For a given counter-flow-type heat exchanger, these three parameters are generally expressed as follows [37] :
NTU " U A hex C hex,min
C hex,c " m hex,c C p,w (8)
C hex,min " min`C hex,c , C hex,h˘( 10)
where m hex,c is the mass flow rate on the cold side of the heat exchanger (kg/s); C p,w is the specific heat of water (J/kg¨˝C); N coll,p is the number of parallel connections in the collector array; C hex,c and C hex,h are the capacity rates of fluids on the hot and cold sides of the heat exchanger, respectively; and U A hex is the overall heat transfer coefficient-area product of the heat exchanger (W/˝C). Therefore, the heat transfer rate and the outlet temperatures on the hot and cold sides of the heat exchanger can be determined as follows:
T ho " T hi´q hex C hex,h (13)
where T hi is the hot stream inlet temperature of the heat exchanger (˝C) and T ci and T co are the cold stream inlet and outlet temperatures of the heat exchanger (˝C).
Storage Tank
The proposed method uses a mathematical model considering the mass and energy balance of a well-mixed storage tank. At any instant of time, the energy balance of a well-mixed storage tank can be described as follows [25] 
where m s is the mass flow rate from the storage tank to the load (kg/s); m l , the mass flow rate of the desired hot water load (kg/s); T l , the desired hot water temperature; and T m , the makeup water temperature (˝C). Meanwhile, the energy loss from the storage tank (q l ) to the surroundings can be expressed as follows:
where U s and A s are the heat loss coefficient (W/m 2¨˝C ) and surface area (m 2 ) of the storage tank, respectively, and T amb is the ambient temperature (˝C). The method proposed in this paper is developed to design an SWH system for low-temperature applications. Therefore, if the storage tank temperature is greater than the maximum allowable temperature, the surplus heat will be discharged to avoid overheating. The discharged heat and flow rate can be estimated as follows:
where m d is the mass flow rate of the discharged water from the storage tank (kg/s) and T s,max is the maximum allowable temperature of the storage tank (˝C). The parameters of the indirect forced-circulation SWH system given by Equations (1)- (20) are evaluated based on the initial temperature of the storage tank at any time step. To continuously calculate these parameters on an hourly basis, the final temperature of the storage tank at the end of any time step must be known because it will be the initial temperature for the next time step. The final temperature of the storage tank can be determined as follows:
where T s, f is the final temperature of the storage tank at the end of any time step (˝C).
Auxiliary Heater
The obtained solar energy does not always match the energy required by the hot water because solar radiation varies according to the weather and time of day. Therefore, auxiliary heaters are needed as back-up heat sources. The auxiliary heating energy can be estimated as follows:
The energy consumption of the auxiliary heaters is calculated using a simple model, and their overall efficiency, part load ratio, and energy input ratio are shown below [38] :
EIR pPLR aux q " a`bPLR aux`c PLR aux
F LNG " q aux EIR pPLR aux q PLR aux η aux Q LNG,LHV (25) where PLR aux is the part load ratio of the auxiliary heaters at each time step; q aux,total is the heating capacity of the auxiliary heaters (W); EIR pPLR aux q is the energy input ratio of the auxiliary heaters; a, b, c, and d are the coefficients for the energy input ratio (a = 0.0080472574, b = 0.87564457, c = 0.29249943, and d =´0.17624156); F LNG is the hourly liquid natural gas (LNG) consumption (m 3 ); η aux is the overall efficiency of the auxiliary heater; and Q LNG,LHV is the lower heating value of LNG (W/m 3 ).
Circulation Pump
The indirect forced-circulation SWH system considered in this study requires two pumps that are turned on or off by the DTC. The electricity consumption of the circulation pumps is calculated using the simple model shown below:
where F ELE is the electricity consumption of the circulation pump (W); m f luid , the flow rate of the fluid passing through the pump (kg/s); g, the acceleration due to gravity (m/s 2 ); H p , the pump head (m); η p , the pump efficiency; and η m , the motor efficiency.
Energy Performance of SWH System
When evaluating the energy performance of an SWH system over a given time horizon, the most widely used performance indicators include the solar fraction and efficiency of the solar system, which are respectively described by Equations (27) and (28):
where q L is the hourly hot water load; PEF ELE is the primary energy factor for electricity; N coll is the number of solar collectors; and F S and η sys are the solar fraction and efficiency of the solar system over a given time horizon, respectively.
Multi-Objective Optimization Method of SWH System
Decision Variable
The proposed multi-objective optimization method is developed to determine the optimal design of an indirect forced-circulation SWH system based on the minimization of the LCC and maximization of the LCES. To obtain an efficient and reasonable design, installation-and operation-related design variables as well as capacity-related design variables are optimized. The sizes of the main components except for the heat exchanger and storage tank, whose quantity is fixed as one, are computed using their quantity and unit capacity. The unit capacities of each component are recognized according to the device types, which are expressed as the identification number assigned in regular sequence in the inputted data tables. Therefore, each design of the SWH system, which acts as a chromosome in a GA process, is described by a decision vector consisting of nine decision variables, as shown below:
where T coll is the type of solar collector; T hex , the type of heat exchanger; T tank , the type of storage tank; T aux , the type of auxiliary heater; and N aux , the number of auxiliary heaters.
Objective Functions
The proposed optimization method is developed to obtain the non-dominated solution of an indirect forced-circulation SWH system by simultaneously maximizing a technical objective and minimizing an economic objective. Many previous studies suggest that SWH systems have the advantages of reduced fossil fuel consumption and environmental pollution throughout their lifetime. Therefore, to quantify these advantages, this study considers the maximization of the LCES as the technical objective function, which is defined as follows:
where Q LCES is the LCES of the SWH system over the planning period and n p is the planning period. The economic objective function is evaluated by minimizing the LCC, which includes all the costs-the initial cost (C I ), maintenance cost (C M ), replacement cost (C R ), energy cost (C E ), and subsidy cost (C S )-incurred during the entire planning period [15] . This objective function can be described by Equation (31) . In addition, C I , C M , C R , C E , and C S are calculated by Equations (32)- (35) , and (37), respectively.
C LCC " C I`CM`CR`CE´CS (31)
where C coll,j , C hex,j , C tank,j , and C aux,j are the purchase prices of the jth solar collector, heat exchanger, storage tank, and auxiliary heater, respectively; R I is the percentage of the supplementary cost against the direct purchase cost; R M is the percentage of the annual maintenance cost against the initial cost; C R,c and C I,c are the replacement and initial costs of each component, respectively; n p is the planning period; n l,c is the lifetime of each component; n r,c is the number of times each component is replaced; i is the real discount rate; UPAE LE and UPAL NG are the uniform present value factors adjusted to reflect the electricity and LNG price escalation rates, respectively; c ELE and c LNG are the hourly electricity cost (KRW/kW¨h) and hourly LNG cost (KRW/m 3 ) for the SWH system, respectively; F ELE and F LNG are the hourly electricity consumption (kW¨h) and hourly LNG consumption (m 3 ), respectively; e f uel is the fuel price escalation rate; A coll,j is the gross area of the jth solar collector; A R,max is the maximum capacity available to receive the subsidy cost (m 2 ); and R S is the percentage of the subsidy cost against the initial cost (%).
Constraint Conditions
In the proposed optimization method, the constraints can be classified as follows:
(a) The limits of T coll , T hex , T tank , and T aux are set automatically as the number of types in the inputted data tables of each component. (b) The limits of N coll and N aux are not set because to be a feasible solution, any decision vector should be subject to the inequality constraints (c) and (d) mentioned below. The number of storage tanks and heat exchangers is taken as one because this is the common configuration of indirect forced-circulation SWH systems in South Korea. (c) To make the solutions obtained by the optimization method reasonable for practical designs, space should be available to install solar collectors. This is defined as follows:
(d) If solar energy is not available, the auxiliary heaters should be capable of providing the required hot water load, as shown below: q L,peak ď q aux,j N aux (39) (e) The slope of the collector array is given as follows:
(f) Considering the recommended range in previous studies [13, 21] , the mass flow rates on the hot and cold sides of the heat exchanger should be subject to the following inequality constraints:
(g) Increasing the NTU value of a heat exchanger beyond three or four usually results in only an insignificant improvement in effectiveness compared to the increase in the cost. Therefore, the NTU of the heat exchanger should be subject to the following constraint:
where W coll,j and H coll,j are the width and height of the jth solar collector, respectively (m); α s,w is the meridian altitude in winter (˝); A coll,max is the space available to install solar collectors (m 2 ); q L,peak is the peak hot water load (W); and q aux,j is the heating capacity of the jth auxiliary heater (W).
Application of NSGA-II to Optimize SWH System
A GA is a popular metaheuristic technique that is particularly well suited for the optimal design problems of energy systems [28] and has been proved to be a good method to solve combinatorial optimization problems in many previous studies [7, [10] [11] [12] [13] . To optimize the design variables of the SWH system, this study uses the evolutionary algorithm based on NSGA-II proposed by Deb [39, 40] . The proposed optimization algorithm is implemented using a hierarchical structure, as shown in Figure 2 . The top-down instructions are described as follows:
Step 1: Read input data
In the initial step, the input data for the proposed method consists of the hourly solar radiation, outdoor dry-bulb temperature, and makeup water temperature data; the hourly hot water demands and the technical and economic data of the main components (see the Appendix at the end of this paper); and the design parameters to calculate the objective functions and constraint conditions. Step 2: Initialize the GA GA parameters such as the population size, number of generations ( , ), crossover probability, and mutation probability are specified. The GA parameters used in this study are as follows: number of generations = 3000, population size = 50, simulated binary crossover probability = 0.9, and polynomial mutation probability = 0.3.
Step 3: Generate an initial population
Then, an initial population, which is a set of possible individuals corresponding to the decision vectors, is randomly generated. If the generated individuals violate any constraints as described in Section 3.3, the individuals are removed, and the possible individuals are randomly regenerated to form an initial population according to the number of the possible individuals as described in Step 2.
Step 4: Perform the energy simulation All individuals in the population are decoded into their corresponding design of the SWH system and are simulated on an hourly basis using mathematical models as described in Section 2 and the input data loaded in Step 1. Step 2: Initialize the GA GA parameters such as the population size, number of generations (N g,set ), crossover probability, and mutation probability are specified. The GA parameters used in this study are as follows: number of generations = 3000, population size = 50, simulated binary crossover probability = 0.9, and polynomial mutation probability = 0.3.
Step 3: Generate an initial population Then, an initial population, which is a set of possible individuals corresponding to the decision vectors, is randomly generated. If the generated individuals violate any constraints as described in Section 3.3, the individuals are removed, and the possible individuals are randomly regenerated to form an initial population according to the number of the possible individuals as described in Step 2.
Step 4: Perform the energy simulation All individuals in the population are decoded into their corresponding design of the SWH system and are simulated on an hourly basis using mathematical models as described in Section 2 and the input data loaded in Step 1. Step 5: Evaluate the objective functions
The objective functions-the LCC and LCES of each individual-are computed based on the mathematical model described in Section 3.2 using the simulation results calculated in Step 4 and data inputted in Step 1.
Step 6: Perform non-dominated sorting and crowding distance sorting Then, to sort the population according to the level of non-domination based on the values of the objective function, each individual is compared with every other individual in the population. The most widely spread individuals are included in the offspring population to the number of population size by using the crowding distance values, starting with individuals of the first non-dominated front.
Step 7: Check the termination condition If the iteration number reaches the maximum number of generations set in Step 2, the optimization process is terminated and the non-dominated solutions at the last generation are obtained as the Pareto optimal set. Otherwise, the individuals go through genetic operations such as crossover and mutation, and the algorithm is repeated from Step 3 until the termination condition is satisfied.
Simulation Results and Discussion
Simulation Parameters
The proposed multi-objective optimization method was applied to the design of the indirect forced-circulation SWH system of an office building located in Incheon, South Korea, at Latitude 36˝70 1 N and Longitude 125˝33 1 . The distribution of daily hot water demand on three different days-a weekday, Saturday, and Sunday-according to the load profile of a typical office building [41] is shown in Figure 3a . Figure 3b shows the hourly hot water load profile over one year, which is used as the input data described in Section 3.4. Figure 4 shows the hourly global horizontal solar irradiance, outdoor air temperature, and makeup water temperature for Incheon. The technical and economic characteristics of the main components used in the case study are summarized in A1-A4 at the end of this paper. Other commercially available devices can be included in the set of devices by designers or researchers. Table 1 lists the design parameters and assumptions considered in the optimization process. Table 2 lists the electricity and LNG tariffs for an office building in South Korea.
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Step 6: Perform non-dominated sorting and crowding distance sorting Then, to sort the population according to the level of non-domination based on the values of the objective function, each individual is compared with every other individual in the population. The most widely spread individuals are included in the offspring population to the number of population size by using the crowding distance values, starting with individuals of the first nondominated front.
Step 7: Check the termination condition
If the iteration number reaches the maximum number of generations set in Step 2, the optimization process is terminated and the non-dominated solutions at the last generation are obtained as the Pareto optimal set. Otherwise, the individuals go through genetic operations such as crossover and mutation, and the algorithm is repeated from Step 3 until the termination condition is satisfied.
Simulation Results and Discussion
Simulation Parameters
The proposed multi-objective optimization method was applied to the design of the indirect forced-circulation SWH system of an office building located in Incheon, South Korea, at Latitude 36°70′ N and Longitude 125°33′. The distribution of daily hot water demand on three different days-a weekday, Saturday, and Sunday-according to the load profile of a typical office building [41] is shown in Figure 3a . Figure 3b shows the hourly hot water load profile over one year, which is used as the input data described in Section 3.4. Figure 4 shows the hourly global horizontal solar irradiance, outdoor air temperature, and makeup water temperature for Incheon. The technical and economic characteristics of the main components used in the case study are summarized in A1-A4 at the end of this paper. Other commercially available devices can be included in the set of devices by designers or researchers. Table 1 lists the design parameters and assumptions considered in the optimization process. Table 2 lists the electricity and LNG tariffs for an office building in South Korea. Figure 5 shows the evolution of the Pareto frontiers, which are the corresponding objective function values of the non-dominated solutions, for different numbers of generation. As shown in Figure 5 , the Pareto frontiers are mainly improved at the beginning of the optimization process (until approximately the 500th generation). In the subsequent generations, the improvements in the objective function values are insignificant. Therefore, 3000 generations can be considered as a fair termination condition for the optimization process Figure 6 , which shows the Pareto frontier in the last generation, reveals the conflict between two objectives: the LCC and LCES. The multi-objective optimization involving the simultaneous maximization of the LCES and minimization of the LCC corresponds to the Max-Min problem, whose convex shape appears to curve toward the bottom right direction. Therefore, the optimization results from the case study show an appropriate trade-off.
Multi-Objective Optimization Results
To investigate the characteristics of the non-dominated solutions, the correlation between the LCC and LCES is analyzed by the regression technique. According to the linear regression analysis, as shown in Figure 6 , the Pareto frontier can be divided into four clusters-Clusters 1-4-which are groups with similar characteristics. Each coefficient (slope of the linear fit) appears as a percentage of the increase in the LCC for an increase in the LCES, and this means that the larger the coefficient, the greater is the cost required to increase the energy saving by the SWH system. The R 2 indexes for the output from the linear regression of Clusters 1-4 show good linearity. The coefficients obtained for Clusters 1-4 are 0.049, 0.110, 0.195, and 0.302 million KRW/MWh, respectively. In other words, the non-dominated solutions in Cluster 1 require an additional LCC of 490 thousand KRW to save 1 MWh of energy over 40 years. The additional costs of non-dominated solutions in Clusters 2-4 increase by 124.5%, 298.0%, and 516.3%, respectively, compared to that in Cluster 1.
The LCC can be divided into the energy cost and equipment cost, which represents the cost obtained by subtracting the subsidy cost from the sum of the initial, maintenance, and replacement costs. A trade-off between the energy and equipment costs results in an optimal economic design of the SWH system. Figure 7 shows the correlations between these costs and the LCES, and the output from the linear regression of Clusters 1-4. As shown in Figure 7 , the linear regression lines between the LCES and energy cost for Clusters 1-4 have similar coefficients, ranging between −0.120 and −0.134 million KRW/MWh, even though the coefficient for Cluster 3 is slightly lower than those for Clusters 1, 2, and 4. However, the coefficients of the linear fit between the LCES and equipment cost for Clusters 1-4 are 0.169, 0.231, 0.329, and 0.422 million KRW/MWh, respectively; that is, they are very different. From this regression analysis, it is found that the energy cost of the non-dominated solutions decreases linearly in similar proportions with an increase in the LCES, regardless of the classification of the cluster. However, the equipment cost of the non-dominated solutions increases more significantly as the LCES increases. Therefore, a trade-off between the LCES and LCC of the non-dominated solutions is mainly caused by the variation in the equipment cost. Figure 6 , which shows the Pareto frontier in the last generation, reveals the conflict between two objectives: the LCC and LCES. The multi-objective optimization involving the simultaneous maximization of the LCES and minimization of the LCC corresponds to the Max-Min problem, whose convex shape appears to curve toward the bottom right direction. Therefore, the optimization results from the case study show an appropriate trade-off.
The LCC can be divided into the energy cost and equipment cost, which represents the cost obtained by subtracting the subsidy cost from the sum of the initial, maintenance, and replacement costs. A trade-off between the energy and equipment costs results in an optimal economic design of the SWH system. Figure 7 shows the correlations between these costs and the LCES, and the output from the linear regression of Clusters 1-4. As shown in Figure 7 , the linear regression lines between the LCES and energy cost for Clusters 1-4 have similar coefficients, ranging between´0.120 and 0.134 million KRW/MWh, even though the coefficient for Cluster 3 is slightly lower than those for Clusters 1, 2, and 4. However, the coefficients of the linear fit between the LCES and equipment cost for Clusters 1-4 are 0.169, 0.231, 0.329, and 0.422 million KRW/MWh, respectively; that is, they are very different. From this regression analysis, it is found that the energy cost of the non-dominated solutions decreases linearly in similar proportions with an increase in the LCES, regardless of the classification of the cluster. However, the equipment cost of the non-dominated solutions increases more significantly as the LCES increases. Therefore, a trade-off between the LCES and LCC of the non-dominated solutions is mainly caused by the variation in the equipment cost. The decision variables and some key information corresponding to each cluster are presented in Table 3 . All clusters have the common trend that the solar fractions increase and the system efficiencies decrease as the LCES increases. This is because at high solar fractions in the SWH systems, increasingly larger component capacities are required to further increase the solar fraction. In other words, by employing additional solar collectors or a larger storage tank and heat exchanger, more energy than that required to increase the solar fraction is supplied to the storage tank, and the remaining heat is used to keep the storage tank temperature high for a long time. However, because the high temperature of the storage tank increases the heat loss to the ambient air and discharges heat to avoid overheating, the efficiency of the SWH system decreases. The solar fractions of the non-dominated solutions at the last generation are considerably high, ranging from 66.7% to 87.1%. As can be seen from Table 3 , the capacities of the main components except for the auxiliary heater, which is selected to have the same capacity of 34.89 kW because of its high efficiency, increase as the LCES increases, but the increasing trend is not constant. It is also found that the collector slope increases with an increase in the LCES because it is more efficient to increase the solar fraction during the winter than in the summer or the intermediate season, when the solar fraction is very close to the upper limit. Overall, the mass flow rate per unit area of the collector fluid ( , ) decreases with an increase in the LCES, but the minimum and maximum , values are 28.8 and 50.4 kg/s•m 2 , respectively; these values are in agreement with the results of previous studies, e.g., 50 kg/h•m 2 [43] , 18-48 kg/h•m 2 [44] , and 20-40 kg/h•m 2 [21] . As the mass flow rate-to-collector area ratio, the mass flow rates on the cold side of the heat exchanger ( [13] . Similar to the variation in , , , decreases with an increase in the LCES, but a clear decreasing trend is not found. The decision variables and some key information corresponding to each cluster are presented in Table 3 . All clusters have the common trend that the solar fractions increase and the system efficiencies decrease as the LCES increases. This is because at high solar fractions in the SWH systems, increasingly larger component capacities are required to further increase the solar fraction. In other words, by employing additional solar collectors or a larger storage tank and heat exchanger, more energy than that required to increase the solar fraction is supplied to the storage tank, and the remaining heat is used to keep the storage tank temperature high for a long time. However, because the high temperature of the storage tank increases the heat loss to the ambient air and discharges heat to avoid overheating, the efficiency of the SWH system decreases. The solar fractions of the non-dominated solutions at the last generation are considerably high, ranging from 66.7% to 87.1%. As can be seen from Table 3 , the capacities of the main components except for the auxiliary heater, which is selected to have the same capacity of 34.89 kW because of its high efficiency, increase as the LCES increases, but the increasing trend is not constant. It is also found that the collector slope increases with an increase in the LCES because it is more efficient to increase the solar fraction during the winter than in the summer or the intermediate season, when the solar fraction is very close to the upper limit. Overall, the mass flow rate per unit area of the collector fluid (m coll,u ) decreases with an increase in the LCES, but the minimum and maximum m coll,u values are 28.8 and 50.4 kg/s¨m 2 , respectively; these values are in agreement with the results of previous studies, e.g., 50 kg/h¨m 2 [43] , 18-48 kg/h¨m 2 [44] , and 20-40 kg/h¨m 2 [21] . As the mass flow rate-to-collector area ratio, the mass flow rates on the cold side of the heat exchanger (m hex,c ) for Clusters 1-4 are 0.0039-0.0049, 0.0033-0.0039, 0.0031-0.0035, and 0.0025-0.0038 kg/s¨m 2 , respectively. These values are in agreement with the typically known range of values: 0.002-0.008 kg/s¨m 2 [13] . Similar to the variation in m coll,u , m hex,c decreases with an increase in the LCES, but a clear decreasing trend is not found. 
Characteristics of Non-Dominated Solutions according to RVA
Although each solution belonging to the group of Pareto optimal solutions is potentially a best solution, to enable designers and engineers to select one particular solution based on their specific requirement, the corresponding energy performance parameters such as the solar fraction and system efficiency should be evaluated. Figure 8 shows the variations in the solar fraction and system efficiency of the non-dominated solutions at the last generation with an increase in the LCES. As expected, it is found that the solar fraction of the non-dominated solutions increases linearly with an increase in the LCES, regardless of the classification of the cluster. However, although the overall system efficiency tends to decrease, the decreasing trends of the non-dominated solutions in the same cluster are different. In other words, each cluster includes some system configurations that show different characteristics in terms of the energy and economic performance. 
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Conclusions
This study investigated the multi-objective optimization method for an indirect forcedcirculation SWH system to determine the optimal configuration that would maximize the benefits from the energy and economic perspectives. NSGA-II was employed to determine the optimal configuration by minimizing the LCC and maximizing the LCES of the SWH system. The proposed optimization method was applied to the design of the SWH system of an office building in Incheon, 
This study investigated the multi-objective optimization method for an indirect forced-circulation SWH system to determine the optimal configuration that would maximize the benefits from the energy and economic perspectives. NSGA-II was employed to determine the optimal configuration by minimizing the LCC and maximizing the LCES of the SWH system. The proposed optimization method was applied to the design of the SWH system of an office building in Incheon, South Korea. The optimization results from the case study show that there is an appropriate trade-off between the LCC and LCES. By performing the regression technique on the Pareto frontier obtained from the optimization, it is found that the energy cost decreases linearly and the equipment cost increases more significantly as the LCES increases. However, the results also show that it is difficult to identify a trend in the energy and economic performance for the Pareto optimal solutions using only the correlation between the corresponding objective function values. Therefore, the effect of the RVA on the energy and economic performance of the non-dominated solutions was analyzed. The results indicate that the performance of the non-dominated solutions, which have the same storage tank volume, varies with the RVA, while maintaining good correlations. Therefore, it is necessary to simultaneously consider the trade-off between the objective function values and the effect of the RVA while selecting the best solution from among the Pareto optimal solutions. Acknowledgments: This work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIP) (NRF-2014R1A6A3A01059739).
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